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Abstract We discusshardware/software co-processingon a hybrid processorfor a compute-and data-intensive multi-
spectralimaging algorithm, k-meansclustering. The experimentsare performedon two modelsof the Altera Excalibur
board,thefirst using thesoft IP core32-bitNIOS 1.1RISCprocessor, and thesecondwith thehard IP coreARM proces-
sor. In our experiments,we compareperformanceof the sequentialk-meansalgorithm with three differentaccelerated
versions. We considergranularity and synchronization issueswhen mappingan algorithm to a hybrid processor. Our
resultsshow that speed-upof 11.8Xis achievedby migrating computationto the Excalibur ARM hardware/software as
comparedto software only on a GigahertzPentium III. Speedupon the Excalibur NIOS is limited by the communication
costof transferring datafrom externalmemorythrough the processorto the customizedcircuits. This limitation is over-
comeon the Excalibur ARM, in which dual port memories,accessibleto both the processorand configurablelogic, have
thebiggestperformanceimpactof all the techniquesstudied.
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1 Intr oduction

Over thepasttenyears,it hasbeenwell documentedthatconfigurablelogic processorscomposedof SRAM-
basedFieldProgrammableGateArrays(FPGAs)canacceleratecertainclassesof compute-intensive operationsby
oneto two ordersof magnitudeoverPentium-classprocessors.However, asmoreexperiencehasbeengainedwith
FPGAprocessing,it hasalsobecomeevident that thereis muchmoreto any algorithmthana compute-intensive
core. File I/O, outerloop management,andotherhouse-keepingtasksmake up thebulk of thesourcecode.It is
time-consumingto mapthesefunctionsontohardwareandusuallynot profitablein termsof speedup- it is better
to usehardwareto unroll an inner loop for themaximumdataflow ratherthanto mapcomplex controlandI/O
functionsontohardware.

Thearchitectureof currentlyavailableFPGAcomputingplatformsdoesnotlenditself easilytohardware/software
co-processing.FPGA boardstypically communicatewith a processorvia an I/O bus suchasPCI or VME. Not
only is the I/O bandwidthbetweenhardwareandsoftwareslow andpin-limited, but the systemoverheadto set
up a transactionbetweenthe processorandFPGA boardis high. All thesefactorsdictatethat asmuchof the
computationaspossibleoccurin hardware,andthatthegranularityof transactionbetweenhardwareandsoftware
is both large anddeterministic(so thatoperationscanbescheduled),with minimal synchronizationbetweenthe
two.

Recently, hybrid ConfigurableSystemon a Chip (CSOC)architectures,proposedseveralyearsago([12], [7],
[13]), have begunto appearascommercialofferings([1], [18]). In contrastto traditionalFPGAs,theseintegrated
systemsoffer a processorandanarrayof configurablelogic cellson a singlechip. On suchsystems,it becomes



feasibleto have software and hardware communicateat clock cycle latency rather than over a slow I/O bus,
speedingupsynchronizationbetweenthetwo. As aresult,asmallergranularityof operationshouldbepossiblein
hardwareascomparedto theconventionalFPGAboardco-processor.

As hybrid processorsarestill not readily available, therehasbeento datelittle experiencewith mappingal-
gorithmsto thesedevicesandmeasuringperformance.In this paper, we presentpracticalexperiencewith using
theExcalibur NIOS 1.1 andARM systemsfor a compute-anddata-intensive applicationin remotesensing,the
k-meansclusteringalgorithm. We choosethis algorithmbecauseit is readilyparallelizablein a varietyof ways,
andFPGA-basedaccelerationof k-meanskernel loopshaspreviously beenreported[10]. We experimentwith
mappingk-meansto two hybridprocessorsandevaluateperformanceof threedifferentmappingtechniques.

2 K-Means Clustering of Multi- and Hyper-Spectral Imagery

2.1 Algorithm Overview

In a multi- or hyper-spectralimage(SeeFigure1), each“pixel” is actuallya “hyper-pixel,” a vectorwith a com-
ponentfor eachspectralchannelin the image. A representative hyper-spectralimagemight contain512 x 512
hyper-pixels,whereeachhyper-pixel is a vectorof length224,andeachvectorcomponentis 8 – 14bits long.

In general,k-meansproducesa partitionof thepixels in a multi-spectralimageinto distinct classesin sucha
way that two pixels in the sameclassarespectrallysimilar. A mapof distinct classesis a dataproductwith a
numberof applications,including quicklook generation,datacompression[11], imagerestoration[15], remote
sensingchangedetection[14], andclutterreductionfor weaksignaldetection[5].

The standardalgorithmis quite straightforward. Eachiterationconsistsof a singlepassover every pixel in
the dataset; during this pass,distancesarecomputedfrom eachpixel to eachof the

�
centers. The pixel is

assignedto theclusterto whosecenterit is closest.At theendof thepass,thecentersarerecalculatedfrom the
new assignments.If after an iteration,noneof the pixels arereassignedto new classes(so that the centersdo
not change),thenconvergenceis complete.Eachiterationof thek-meansalgorithmcanbeshown to reducethe
in-classvariance,but thefinal convergedsolutionis a local,andnotnecessarilyaglobal,minimum.

A largenumberof variantshave beenconsidered,of which we will discusstwo. Thefirst is a “block” k-means
(eg, seeRef. [17]). In this variant,a full iterationconsistsof a numberof passesover blocksof pixelsat a time.
Ratherthanwait until theendof thefull iterationto updatecenters,thecentersareupdatedattheendof eachblock.
Sincethisgivesthecentersmoreopportunitiesto “migrate” to stablepositions,theblockk-meansalgorithmoften
achieves convergencein fewer iterationsthan the standardapproach. Standardk-meansis the sameas block
k-meanswith blocksizeequalto thenumberof pixelsin theimage.

A secondvariantis a hierarchicalapproach,andis basedon theobservation thatconvergenceis usuallymuch
fasterif therearefewer classes.In this variant,onebeginswith a smallnumberof classes(usually2), andthen
performsoneor two iterations.Onethensplitseachclusterinto two by addinga smallperturbationto thecenter
positions. This processis continueduntil the desirednumberof classeshasbeenobtained,andafter that, the
ordinaryk-meanscontinuesuntil convergence.Notethat this secondvariantcanemploy eitherstandardor block
k-meansiterations.TheclassicLinde-Buzo-Grayalgorithm[11] for vectorquantizationis ahierarchicalk-means.

Bothof thesevariantsentailafair amountof bookkeeping,comparedto thestandardalgorithm,andthevariants
also introducenew free parameters.Coding thesemore sophisticatedalgorithmsdirectly in hardware would
take a considerableeffort in hardware design. But a well plannedsoftware/hardware co-designwill allow the
hardwareto drive high-performancefastiterations,while thesoftwarecantake careof bookkeepingdetailsthat
might leadto moreintelligentconvergence,eitherby requiringfewer iterations,or by converging to higher-quality
solutions[16]. For instance,moresophisticatedvariantsof thehierarchicalschemethatinvolve iterative splitting
andmerging [8] have beenshown to produceevenhigherquality clustering.Althoughwe do not implementsuch
a sophisticatedalgorithm,to do sowould only involve modificationof thesoftware– thehardwaredesignwould



Figure 1. One Channel of a Multi-Spectral Image
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Figure 2. Performance of three diff erent variants of the K-means algorithm.

beexactly thesame.
To illustrate the benefitsof thesevariants,a software-onlysimulationwasperformedon an artifical dataset

with 5120pixels andthreebands;the taskwasto clusterthesepixels into 256 distinct classes.Thesenumbers
correspondto acommonproblemin imageprocessing:givena24-bit imagewith 8-bit red,green,andblueplanes,
find the“best” 256-colorpalettethatallows the imageto bedisplayedwith 8-bit pixels. Heretheclustercenters
would correspondto theRGB valuesof thecolorsin the palette.The resultsshown in Fig. 2 correspondto ten
separatetrials(usingdifferentrandomnumberseeds)of thethreevariants:thefirst is standardk-means,thesecond
is block k-means,andthethird is hierarchicalk-meanswith blocks. In-classvarianceis plottedagainstiteration
number, andthecurvesendwhenthe iterationshave completed.Block k-meansis seento achieve high-quality
solutionsmuchmorerapidly thanstandardk-means,andachievesfinal converge in roughly half the iterations.
Hierarchicalk-meansconvergesmoreslowly at first, but it still reachesits final convergencein aboutthe same
numberof iterationsasblock k-means. It also achieves higher-quality solutionsthan eitherblock or standard
k-means,andit achievesthosebettersolutionswell beforeits final convergence.

In the experimentsthat we describelater in Section4.2, variantsof the block updatetechniquehave been
implemented. Becauseof limitations (limitations of memory, primarily) in theseearly generationsof CSOC,
the parameterswe employ in the hardware involve fewer pixels andfewer classes(but morechannels)thanthe
datasetsusedin the experimentsabove. The hybrid processorapproachallows us to experimentwith software
parametersandtechniques,while usingthesamehardwaredesign.



1 while (pixel_move !=0) {
2 pixel_move = 0;
3 for (i=0; i<NB_PIXELS; i=i+B) {
4 for (b=0; b<B; b++) {
5 min = MAX_INT;
6 /* compute distance: pixel <=> all classes */
7 for (k=0; k<NB_CLASS; k++) {
8 if (N_CENTER[k]!=0) {
9 dist = 0;
10 for (d=0; d<NB_BANDS; d++)
11 dist = dist +
12 ABS (PIXEL[i+b][d] - CENTER[k][d]);
13 /* find min dist and associated class# */
14 if (dist<=min) { min = dist; idx[b] = k; }
15 }
16 }
17 }
18 for (k=0; k<NB_CLASS; k++) change[k] = false;
19 for (b=0; b<B; b++) {
20 if (CLASS[i+b]!=idx[b]) {
21 pixel_move ++;
22 k = CLASS[i+b]; N_CENTER[k]--;
23 change[k] = true;
24 for (d=0; d<NB_BANDS; d++)
25 ACC[k][d] = ACC[k][d] -
26 PIXEL[i+b][d];
27 k = idx[b]; CLASS[i+b] = k; N_CENTER[k]++;
28 change[k] = true;
29 for (d=0; d<NB_BANDS; d++)
30 ACC[k][d] = ACC[k][d] + PIXEL[i+b][d];
31 }
32 }
33 for (k=0; k<NB_CLASS; k++)
34 /* recompute centers if needed */
35 if (N_CENTER[k]!=0 && change[k]==true) {
36 for (d=0; d<NB_BANDS; d++)
37 CENTER[k][d] = ACC[k][d]/N_CENTER[k];
38 }
39 }
40 }

Figure 3. K-means C Code

2.2 K-Means Implementation

Figure3 shows theC sourcecodefor themaink-meansloop. A loop iterationscansall thepixels. For each
pixel we checkif it still belongsto its class. If not, the pixel is moved to anotherclassand the two centers
correspondingto both thenew andtheold classesareupdated.Thenumberof pixels in a classis storedaswell
asthesumaccumulationnecessaryfor recomputingtheclasscenters.In our implementation,theclasscentersare
periodicallyupdatedevery block of B pixels. Thedistancemeasurecostfunction is anapproximationdescribed
in [3] well suitedto our datasetandis computedasthe absolutevalueof the differencebetweenpixel element
andcenterelement.This costfunction is well suitedto today’s configurablehardware. In software,thesquared
differenceis usuallyused.

Thecomputationcanbesplit roughlyinto threeparts:thedistancecalculationbetweenapixel andaclasscenter,
theaccumulatorupdate,andthecenterupdate.In [9], wereporttheresultsof profiling thek-meansalgorithm.We
have foundthat themosttime consumingcomputationis thedistancecalculationthatcompareseachpixel value
to eachclasscenter(seelines3 – 17 in Figure3). In thecaseof 32 classes,this loop consumesmorethan99.6%



of thecomputationtime. Thus,this calculationis thenaturalcandidatefor acceleration.
Therearemany waysto acceleratek-meanson configurablelogic. Two differentaccelerationapproacheshave

beenreportedin [10] and[9] (see[4] for a summaryof [9]). Both methodsput thedistancecalculation(lines11
and12of Figure3) in hardware.[10] pre-loadstheimageinto localmemoryon theFPGAboardandperformsall
computationexceptthefinal centermeancalculationin hardware.Thustheentireimagemustfit in localmemory.
[9] streamstheimagepixelsthroughboard,andperformsonly thedistancecalculationin hardware.It canhandle
arbitrarysizeimagesandscaleswell to a largenumberof classes.It incurscommunicationoverheadin repeatedly
streamingtheimagefrom theprocessorto thehardware.

3 Hybrid Processor:Model and Realizations

An abstractmodelof ahybridprocessoris shown in Figure4. Thereis aRISCprocessorwith avariablenumber
andsizeof bussesconnectingit to configurablelogic. TheRISCprocessorandconfigurablelogic sharememory.
Theconfigurablelogic consistsof a “seaof gates”alongwith a collectionof smallembeddedmemorymodules.
We refer to a hardwaredesignin the configurablelogic asthe “user logic.” For somearchitecturessuchasthe
ARM, the processoranduserlogic executein different clock domains,so that synchronizationis requiredfor
directcommunicationbetweenthetwo. TheNIOSprocessoranduserlogic sharethesameclock.

The NIOS soft core embeddedprocessorfits on the APEX20K programmablelogic device (PLD). It is a
general-purpose,pipelined,single-issueRISCprocessorcorewhichprocessesinstructionsevery clockcycle. The
processorinterfaceconsistsof auser-definedaddressmapwith differenttypes,widthsandspeedsof memoryand
peripherals.A peripheralbusmodule(PBM) is thelogic interfacebetweentheembeddedprocessorandtheuser
logic. This busmoduleis generatedby theNIOS toolsaccordingto theuserconfigurationspecified.(seeFigure
5 andFigure6). PeripheralinterfacesincludeaUART, timer, SRAM, FLASH, user-definedParallelInput/Output
(PIO), andMemory-mappedinput/outputports(seeFigure6). The NIOS 1.1 processorwith a 32-bit datapath
configurationutilizes20%of theavailablelogic elementson theAPEX20K200E(1700logic elements).Wehave
implementeda user-definedPIO (Section4.1) anda memory-mappedI/O (Section4.2)portsfor communication
from theprocessorto theuserlogic.

TheNIOSExcalibur approximatestheabstractmodel,with someimportantdifferences.On theNIOS,theuser
logic cannotaccessthe InstructionandDataSRAM directly. SincetheNIOS is a soft IP core,thereis a single
clock controllingbothprocessoranduserlogic. As theNIOS designis heavily pipelined,a RISCinstructioncan
executeevery clock cycle (in theabsenceof branches).However, we measureO(10)clock cyclesto sendasingle
32-bitnumberfrom NIOSprocessorto userlogic dueto addressgenerationontheprocessorandamulti-cyclebus
transaction(seeSection4.1below).

The ARM-basedhardcoreembeddedprocessorfits on an APEX20K PLD. In addition to the processor, the
EPXA10has38,400logic elementsor 1 million gates.ThePLD architectureconsistsof anembeddedprocessor
bus structure,on-chipmemory, andperipherals.Figure7 shows the ARM structure. The embeddedprocessor
stripecontainstheARM processorcore,peripherals,andmemorysubsystem.Oursystemhas256KBand128KB
of single-anddual-portmemoryrespectively.

TheARM922T processorcoreis implementedusinga five-stagepipeline. This implementationallows single
clock-cycle instructionoperationthroughsimultaneousfetch,decode,execute,memory, andwrite stages.It sup-
portsboth the32-bit ARM and16-bit Thumbinstructionsets[2]. Two AMBA-compatibleAHB busesserve the
ARM-basedembeddedprocessor. ThreebidirectionalAHB bridgesenabletheperipheralsandPLD to exchange
datawith theARM embeddedprocessor.

The PLD canbe configuredvia the configurationinterfaceor the embeddedprocessorto implementvarious
devicessuchas: a masterand/orslave peripheralthatconnectsto theembeddedbus; on-chipandoff-chip mem-
oriessharingthe stripe; standardinterfaceto on-chipdual-portRAM (allowing SRAM to function asa ‘large’
embeddedsystemblock (ESB)).
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The master/slave/memoryports are synchronousto the separatePLD clock domainsthat drive them. The
embeddedprocessordomainandPLD domaincanbeasynchronous,to allow separate/optimizedclockfrequencies
for eachdomain. Resynchronizationacrossthedomainsis handledby theAHB bridgeswithin thestripe. Both
themasterport andslave port of thestripearecapableof supporting32-bit dataaccessesto the whole 4-Gbyte
addressrange(32-bit addressbus).

Our applicationneedshigh-dataratecommunicationbetweenthe processoranduserlogic which is realized
in two ways: usingtheAHB buses/bridges(Section4.2); andtheuser-definedconfigurationinterfaceto on-chip
dual-portRAM (Section4.3).

4 Mapping K-Means onto a Hybrid Processor

4.1 Iteration 1: Speedingup DistanceCalculation

We approachtheproblemof mappingk-meansto a hybrid processorincrementally. Sincethemosttime con-
sumingoperationis the distancecalculationloop, we first mapthe kernelof that loop to hardware,with all the
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Modified C Code:

11 host2user->np_piodata = (PIXELS[i+b][d]) + (CENTERS[k][d]<<8) + (dist<<16);
12 dist = user2host->np_piodata;

41 np_pio *ul_reset = (np_pio *) na_u_reset;
42 np_pio *host2user = (np_pio *) na_host2user; /* PIO bus */
43 np_pio *user2host = (np_pio *) na_user2host; /* PIO bus */

VHDL for Distance Calculation:

Pix <= Host2UlogicData(7 downto 0);
Center <= Host2UlogicData(15 downto 8);
DistIn <= Host2UlogicData(31 downto 16);

dist_process: process(Clk,Reset)
begin
if (Reset = ’1’)then
Ulogic2HostData <= x"00000000";

elsif rising_edge(Clk) then
if (conv_integer(Pix) > conv_integer(Center)) then

DistOut <= DistIn + (Pix - Center);
else

DistOut <= DistIn + (Center - Pix);
end if;
Ulogic2HostData <= x"0000" & DistOut;
end if;

Figure 8. Hardware Acceleration of Distance Calculation

othercoderemainingin software. This highlightsoneof the importantadvantagesof a hybrid processor(see[6]
for amoredetaileddiscussionof thispoint),namelythatit is easywith suchanarchitectureto incrementallyinsert
hardwareaccelerationinto a softwareprogram.We replacea singlestatementin theC program(line 11 and12
from Figure3) with awrite to andareadfrom theconfigurablelogic. Thehardwareis acombinationallogic circuit
with a32-bit input registerconsistingof thedistance,thecurrentpixel andcurrentcenter. Thecircuit performsthe
indicatedsubtraction,absfunctionandaccumulationandreturnstheupdatedvariabledist. Figure8 shows both
themodifiedC codeandtheVHDL for this versionof thealgorithm.

In thisexample,lines11and12 of Figure3 arereplacedby a write to aparallelI/O port to sendthedatato the
configurablelogic anda readfrom anotherparallelI/O port to retrieve the result. The datais sentandreceived
throughasetof user-definedbusses(seelines42 and43 in Figure8).

This hardwarelogic takeslessthan1% of thechip anddoesnot affect theclock frequency of thechip. On the
Excalibur, the32-bit NIOS processorplustheuserlogic occupy 49%of thelogic elementson thechip at a clock
frequency (fMax) of 34.51MHz. Sincewe have previously notedthat thedistancecalculationby far dominates
thecomputationtime, we might expectthehardwareaccelerationof this key computationto significantlyspeed
up thek-meansrun time. Therearetwo subtractsandoneaddin thedistancecalculation.The RISC processor
takesat leastoneclockcycleto executeeachof theseinstructions.All threearedonein oneclockcycle in theuser
logic.

In this experiment,thesoftware-onlyandhardware-assistedversionsweremeasuredfor speedwith respectto
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the loop over B pixels. For 64 pixels, with 8 classesand8 bands,the B loop for the hardware-assistedversion
was50%slower thanthesequential.This resultis dueto a combinationof factors.First, althoughthearithmetic
operations(subtractsandanadd)have beenacceleratedin hardware,wehave addedacostby communicatingthe
distance,center, andpixel valuesto theuserlogic andreadingbacktheupdateddistance.Measuringthedistance
calculationonly, the hardware-assistedversiontakes 35 cyclesverses25 cycles for the software-only. As the
amountof datato besentto theuserlogic is increased,thecommunicationoverheaddominatestherun time.

In anexperimenttoquantifythecostof sendingasingle32-bitvaluefromprocessortouserlogic,wedetermined
that on the Excalibur with a 32-bit NIOS processor, it takes 11 clock cycles1 to sendone 32-bit value from
processorto userlogic usingmemory-mappedI/O or parallelI/O ports,whichis a12MB/srateassuminga33MHz
clockfor bothprocessoranduserlogic. Thiscommunicationcostmorethanoffsetsthegainof performingmultiple
arithmeticoperationsin parallel.Second,evenif wecouldcommunicateawordbetweenprocessoranduserlogic
in asingleuserlogic clockcycleby increasingtheprocessorclockspeedby afactorof 10,thereis still asignificant
amountof addresscalculationcodein the innermostloop that is performedsequentially. Thus the fraction of
parallelcoderelative to theamountof sequentialcodeis quitesmall,which,by Amdahl’s Law, is a limiting factor
to speedup.

This result– a slowdown whenthedistancecalculationkernelis mappedto hardware– is alsoobservedon the
Excalibur ARM. Measuringthis distancecalculationon the ARM, we found thesequentialversiontook 0.08us
comparedto 0.4usfor the“accelerated”version.Thecostof communicatingthroughmultiple bussesandbridges
yields a 5X slow down in speed.Our conclusionfrom this experimentis that communicationcostcontinuesto
becritical to determiningthegranularityof thecustominstruction. Co-locatingtheprocessoranduserlogic on
a singledevice is no guaranteethat arbitrarily fine granularityoperationsmappedonto userlogic will improve
performance.

4.2 Iteration 2: Parallelizing acrossClasses

Our secondapproachfocuseson increasingthegranularityof operationmappedto hardware.By unrolling the
loop over all classeson lines7–16of Figure3, we cancomputeall distancesin parallel. The ideais to flow the
pixel streamthrougha linear arrayof cells, whereeachcell correspondsto a class. Eachcell holds the center
for its classin local memory. Thecell computesthedistancebetweenits classandthecurrentflowing pixel, and
updatesthecurrent“best” classthathasbeenfound for eachpixel (i.e., theclasswith minimum distanceto the
pixel). Thenew classcomputedfor thepixel is returnedto theprocessor, andnew classcentersarecomputedby
theprocessor. Periodically, a new setof centersis streamedto thearrayof cells. Thecell array(for 8 classes)is
shown in Figure9, andthecomputationeachcell performsis shown in Figure10.

1This includes2 wait states.



index = my_processor_number;
while (! end_of_stream) {
dist = 0;
for (d=0; d<NB_BAND; d++) {

stream_read (pixel);
dist = dist + ABS(pixel -center[d]); stream_write (pixel);

}
stream_read (left_dist, left_index);
if (dist < left_dist) {

left_dist = dist;
left_index = index;

}
stream_write (left_dist, left_index);

}

Figure 10. Hardware Acceleration of Unrolled B loop

Thealgorithmoperatesasfollows:
First, thecentersaresentto thecell arrayin userlogic, with eachcell storingthecenterassociatedwith its class
in local memory. The cell arrayreceivesa block of pixels, andcomputesthe minimum distancefor eachclass,
returning,for eachpixel in the block, the index of the classfor which a minimum distanceis found. The pixel
vectorhas8 bands,with four 8-bit bandspacked into one32-bit word. Two writes to userlogic arenecessaryto
sendonepixel. Theinput data(pixelsandclasscenters)is sentto theuserlogic througha user-definedmemory-
mappedI/O bus,*r am. TheassociatedC codeis shown in Figure11, replacinglines7 – 16 in Figure3.

Thesoftwareusesavectorof indices,idx[B] to recomputethecenters,thensendstheupdatedcentersbackto the
userlogic. Thealgorithmcontinuesevaluatinganotherblock of B pixels,andupdatingcentersuntil NB PIXELS
have beenevaluated.Thealgorithmiteratesuntil no morepixelschangetheirassociationwith aclass.

As in iteration1, thesoftware-onlyk-meansalgorithmrunsontheNIOS1.1processor. Theacceleratedkmeans
versionrunson both the NIOS 1.1 processorandthe userlogic gatesof the APEX20K. In this experimentwe
timed the numberof cyclesrequiredto sendupdatedcentersto the hardware(centerupdateloop), the distance
calculationloop (B loop), andthe total numberof cyclesto completethe entireprogram. As shown in Figure
12, theacceleratedversionhas25X speedupin thedistancecalculationloop andanover all 6X speedupover the
software-onlyversion.

Motivatedby the analysisdescribedin Section2.1, we studiedperformanceof the acceleratedversionwith
differing block sizes. The resultsshown in Figure12 arewith block size1, so that B = 64 = NB PIXELS. By
varying the block size,we canmeasurethe effect of centerupdate(copying the new centervaluesto the user
logic) on overall runtime.Updatingtheuserlogic centerstakes846cyclesevery B iterations.As B increases,the
numberof timesin thecenterupdateloop decreases.Also, asB increases,morepixelsaresentto theuserlogic
ata time andthenumberof timesthesoftwareloop instructionsmustbeexecuteddecreases.Wefoundfor B = 1,
thedistanceloop speedupis 13X. For B=4, thedistanceloop speedupis 20X. For B=64, thespeedupis 25X (see
Figure12).

As predictedin Section2.1 our resultsshow that theblock k-meansalgorithmachievesconvergencein fewer
iterationsthanthestandardapproach,i.e. B = 64= NB PIXELS.(Theblockk-meansconvergedin 4 passeswhile
thestandardk-meansconvergedin 6 passes.)However, overall runtimeis fasterfor standardkmeansasdescribed
above. Also, by alteringthesoftware(but not thehardwaredesign),we wereableto implementthehierarchical
k-meansalgorithmdescribedin Section2.1.While simulationsshow thisapproachcanleadto fasterconvergence
and/orhigherqualitysolutionsin somesituations(eg, seeFigure2), wedid notexpect(or observe)actualspeedup
for theparamtersin oursystem(NB PIXELS = 64).



/* Send Centers to user logic */
for (k=0; k<NB_CLASSES; k++)
{
*ram = ( FLAG_CENTER + (k<<8) + (1<<16));/* send center flag, class no. = k */
for (d=0; d<NB_BANDS; d = d+4)

{
*ram = CENTERS[k][d] + (CENTERS[k][d+1]<<8) +

(CENTERS[k][d+2]<<16) + (CENTERS[k][d+3]<<24);
}

}
....

int *ram = (int *) na_user; /* memory mapped nios user logic register */

union packed_pixel {
int seqpixel; //sequential code, pixel data(8 bits)
unsigned char upixel[4]; //ulogic, pixel data(32 bits)

} ulogic_pixels[NB_PIXELS][(NB_BANDS/4)];

*ram = FLAG_PIXELS + (B<<16); /* control word = send pixels to user logic */
for (b=0; b<B; b++) { /* for B pixels */
for(d=0; d<2; d++) { /* for NB_BANDS */

*ram = ulogic_pixels[i+b][d].seqpixel; /* Send 4 8-bit bands to user logic */
}
idx[b] = *ram; /* read the index from user logic */

}

Figure 11. C Code for Accelerated Kmeans version



Sequential Accel SpeedUp
Cycles Time(us) Cycles Time(us)

CenterUpdateloop 0 0 846 26 NA
SendB Pixelsloop 598101 18124 23790 721 25X

TotalAlgorithm 687313 20828 112443 3407 6X

Figure 12. Results for NIOS iteration 2 (B=64)

Sequential Accel SpeedUp
Cycles Time(us) Cycles Time(us)

CenterUpdateloop 0 0 1482 14.8 NA
SendB Pixelsloop 62754 627 14926 149 4X

TotalAlgorithm 406982 4069 128006 1280 3X

Figure 13. Results for ARM iteration 2 (B=64)

This algorithm was also mappedto the ARM system. In comparisonto the NIOS, the ARM architecture
employes a hardcoreRISC processorat 200MHz with two bussesat 200MHz and100MHz respectivly. The
100MHzbusconnectstheprocessorto theprogrammablelogic device (PLD), APEX20K (seeFigure7). Dueto
differencesin clock speedandcommunicationbetweenNIOS andARM, theuserlogic designfor theARM had
to be slightly modifiedto synchronizethe bus communicationwith the ARM. Explicit synchronizationwasnot
requiredon theNIOS for readingandwriting datato theuserlogic becausethecommunicationtime to sendand
receive datais slower thanthespeedof theprocessoranduserlogic. For theARM, bussynchonizationrequires
theuseof a readreadysignalandawrite readysignalfrom theuserlogic. Thehardwaredesigntook0.05%of the
userlogic logic elementson thePLD at a speed33MHz. With the200MHz ARM clock, theprocessorwasidle
muchof thetime,waitingfor thehardwareto complete.As with theNIOS,weusedparametersNB PIXELS= B =
64. Thetiming resultsareshown in Figure13. Hereweseeamuchmoremodestspeed-upover thesoftware-only
version.This is principally dueto thefactthattheNIOS runsat 33MHz whereastheARM runsat 200MHz.The
ARM software-onlyversionis inherentlyfasterthantheNIOS,while theuserlogic staysaboutthesameon both.

4.3 Iteration 3: Exploiting Dual Port Memory

We demonstratethe advantageof a dual portedmemorybetweenthe processoranduserlogic with a new k-
meansco-designimplementedon theExcalibur ARM hybridprocessor. This featureis noteasilyavailableon the
NIOS.For our k-meansexperimenttheprocessorpassesto thedualportedmemorytwo arrayscorrespondingto
the classcenters,anda block of B pixels. The processorreadsbackan arrayof B results. A result is an index
of theclasswhich givesthesmallestdistancebetweenthepixel andits center. As shown in Figure14,a separate
bridge(AHB) betweentheprocessoranduserlogic is usedto configuretheuserlogic dual-portaccesscontroller,
andto commandandsynchronizetheuserlogic to theprocessor. TheARM processorcanonly issuea command
to theuserlogic whentheuserlogic is ready.

In our implementationthereare3 commands:

� The first commanddefinesthebaseaddressof the centerarrayin the dualportedmemoryalongwith the
numberof spectralbandsand the numberof classes. The user logic loadsthe classcenterswhen this
commandis received.

� The secondcommandspecifiesthe baseaddressof the pixel array, the numberof spectralbands,andthe



Figure 14. DualPortMemoryImplementation

number32-bit wordsto read.Thelatter is NB PIXELS��� , asthehardwareis designedto process4 pixels
every clock cycle. Theuserlogic processesthedistancecalculationwhenthis commandis received.

� The third commandspecifiesthe baseaddressof the resultsarray to go back to the processor. The user
logic storestheresultsat this location. In our implementationthis commandis only sentonce.Theresults
overwritetheindexespreviouslycalculated.It is possibleto speedupthecalculationby pipeliningthecenter
update(performedby theARM) while theuserlogic computesnew indices.In this casewe would needto
sendadifferentresultarrayaddressat thebeginningof eachiteration.

A new hardwaredesignwascreatedso that datacould be consumedat the memoryaccessrate. In contrast
to thesystolicdesignof Iteration2, in this designthe distancecalculationis executedin parallelby an arrayof
32 processingelementsorganizedas four rows of eight processors.Thereis onerow for eachpixel andeight
processorsin the row, onefor eachclass.Thedistancematrix is storedin a transposedformat,with each32-bit
wordcontainingaspectralbandfrom eachof four pixels.

The processingelementsreceive pixel datafrom the dual port memoriesand classcentersfrom 8 separate
memoriesM � connectedto eachcolumn. The userlogic processingratematchesthe userlogic memoryaccess
rateof onetransactionperclockcycle. Theuserlogic is a two stagepipeline,thefirst stagecomputesthedistance
andthesecondstagecomputestheclassindexesthatcorrespondto theminimumdistancebetweenthepixelsand
theclasscenters.Thedualportedmemoryis organizedas16K X 32 bit words,whereeachword containsfour 8
bit spectralbandsorganizedasfour spectralbandsfrom four differentpixels.

The processingtime is for Iteration3 is � B �����	� max� NB BANDS 
 coef1 
 coeff2 �� NB CLASS ������

NB CLASS 
�� cycleswherethecoefficient coef1=1andcoeff2=1 . Coef1canbereducedto 0 if thedualport
memoryis anasynchronousmemoryinsteadof a synchronousonethathasa oneclock latency betweenaddress
anddata.Coef2is introducedby pipeliningin theprocessingelementbetweentheabsolutevaluecalculationand
accumulation.Resultsshown in Figure15 arefor NB CLASSES= 8, NB BANDS = 8, B = 8, 8-bit pixel data.



Sequential Iteration2 Iteration3 SpeedUp SpeedUp
Cycles Time(us) Cycles Time(us) Cycles Time(us) OverSeq. Over Iter 2

SendCentersloop 0 0 1482 14.8 246 2.4 NA 6x
SendB Pixelsloop 7867 78.6 1925 19.2 138 1.3 60.5X 14.7X

Figure 15. Results for ARM accelerated version 2 (B=8)

Theoretically, at33MHztheuserlogic needsabout0.87microsecondsto calculatetheindicesfor 8 pixelscom-
posedof 8 bandsand8 classes.Figure15 shows a measuredtime of 1.3us,for completionof thesynchonization
andcalculationsin theuserlogic. (Synchronizationtime is thedifferenceof thesetimes,0.43us.) Iteration2 user
logic needs19usfor thesamecalculations,giving aspeedupof 14.7Xover Iteration2 in thedistanceloopand60X
speedupoversoftware-only(labeled“Seq.” in Figure15. Accelerationis still limited by the32bit communication
bandwidthbetweentheprocessorandtheuserlogic. TheARM is connectedto thedualport memoryby abridge
andaccessby theARM is eighttimesslower thanaccessto theARM’s localmemory. Wenotethatit is desirable
to have a wide datapathfrom theuserlogic to memoryandto have thememoryworking in asynchronousmode
in orderto speedupprocessing.

Finally, we comparethespeedof this designto a conventionalhostcomputersuchasa 1GHzPentium-III.For
NB PIXELS= B = 64,wemeasured65usto performoneB loopiterationof thealgorithm,i.e. distancecalculation
loop. Thecenterupdatecantake from 2usto 20us,dependingon thenumberof centersthatneedto beupdated.
For a run with many iterations,only the early iterationswill take the longertime; thusthe time requiredfor B
loop iterationsis dominant.Theuserlogic theoreticaltime for 64 pixels,8 bandseachand8 classesat 33 MHz
is: ((64/4)(8+2)+ 8 +1)/33Mhz= (16*10 +9)/33=169/33= 5.1us If we take into accountsynchronizationtime,
0.43us,thetotal time is thesumof theoreticalandsynchronizationtime, 5.53us. Thus,we realizea speedup of
11.8Xover the1GHzmachine.Note,therandomdatageneratedfor thetheNB PIXELS arrayis identicalin all
thenumericalresultspresented.If differentdatasetsareused,with less’randomness’in thedata,thealgorithm
will generallyconvergein fewer iterations,but theB-loop timespeedshouldnot vary.

5 Conclusions

Wehavedemonstratedthemappingof adata-andcompute-intensive algorithm,k-meansclustering,to ahybrid
processorconsistingof a RISC processoraugmentedwith configurablelogic. We have experimentedwith three
approachestoacceleratingthek-meansinnerloopwith maximumspeedupachievedof 11.8XoveraGHzmachine.

Oneconclusionwe draw from theseexperimentsis that speedupcanonly be gainedby the Programmable-
RISC approach[12] of substitutinghardware for short segmentsof sequentialinstructionsif thereis very fast
communicationbetweenprocessoranduserlogic. This is especiallytrueif thecostof reconfigurationis factored
in, which we did not considerin this experiment.For smallgranularitycustominstructions(lessthan100RISC
instruction),speedupis not realizableon theExcalibur architecture,andthereverseeffectmayoccur.

Thehigherpay-off approachis to parallelizein hardwareat theloop level andto put overheadoperationssuch
asaddresscalculationon the hardware. Even with this approach,the overheadof communicatingdatabetween
theprocessoranduserlogic remainstheprimary impedimentto higherspeedup.This limitation is overcomeby
usingdualport memorysothat thesoftwarecanpassto theuserlogic theaddressesof thedataandresultarrays,
anduserlogic canaccessthosearraysasynchronously. For the k-meansalgorithm,we canpassthe pixel and
centerarrayaddresses,andlet thehardwareperformpipelinedfetchof thepixel datadirectly. Softwarethenreads
backtheupdatedcentersfor eachpixel. Usingdual-portmemoryin this way, it shouldbepossiblefor thehybrid
hardware/softwareto deliver anorderof magnitudespeedupoverhigh performancesoftware-only.
Acknowledgements: We aregrateful to KonstantinBorozdin for helpingcompile anddebug version1 of the



k-meansto theExcalibur.
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